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When judging the usefulness of methods, it is not only their
technical principles that matter, but also how these principles
are then translated into applied practice. No matter how well
developed our techniques and methods are, if their usage runs
against their spirit, they cannot be what the originally ancient
Greek word “method” literally means: a “way towards a goal.”
Standards of best practice are therefore important components
of methodological advancement, if such standards are recog-
nized for what they ought to be: transitory condensations of a
shared understanding that are valid until improved.
The more popular a specific method becomes, the greater
the need for shared understandings among users. This was
our motivation for proposing a “code of good standards” for
Qualitative Comparative Analysis (QCA).1 Due to the transi-
tory nature of any such list, we subsequently provided an
update.2 Transparency is one of the major underlying themes
of this list.
QCA is the most formalized and widespread method mak-
ing use of set-analytic thinking as a fundamental logical basis
for qualitative case analysis.3 The goal consists of the identifi-
cation of sufficient and necessary conditions for outcomes,
and their derivates, namely INUS and SUIN conditions.4 Al-
most by default, QCA reveals conjunctural causation (i.e., con-
ditions that do not work on their own, but have to be combined
with one another); equifinality (where more than one conjunc-
tion produces the outcome in different cases); and asymmetry
(where the complement of the phenomenon is explained in
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calibrated data stem very important. The information contained
in such a raw data matrix can consist of anything from stan-
dardized off-the-shelf data to in-depth case knowledge, con-
tent analysis, archival research, or interviews.10 Whatever
transparency standards are in place for these data collection
methods also hold for QCA. Ultimately, transparency on set
calibration then culminates in reporting the reasons for choos-
ing the location of the qualitative anchors, especially the 0.5
anchor, as the latter establishes the qualitative difference be-
tween cases that are more in a set vs. those that are more out.
The need to be transparent about calibration also raises
an issue that is sometimes (erroneously) portrayed as a special
feature of QCA—the “back and forth between ideas and evi-
dence.”11 “Evidence” generated by a truth table analysis (see
below) may provoke new “ideas,” which then produce new
evidence based on another truth table analysis. This is noth-
ing new for qualitative research. In QCA, “moving back and
forth between ideas and evidence” might mean adding and/or
dropping conditions or cases, not only as robustness tests,
but also prior to that as a result of learning from the data. Initial
truth table analysis might reveal that a given condition is not
part of any solution formula and thus superfluous, or might
suggest aggregating previously separate (but similarly work-
ing) conditions in macro-conditions. After initial analyses,
scholars might also recalibrate sets. Whether we refer to these
as iterative processes or as “serendipity,”12 there is nothing
bad nor unusual about updating beliefs and analytic decisions
during the research process—as long, of course, as this is not
sold to the reader as a deductive theory-testing story. Indeed,
“emphasis on process”13 is a key characteristic of qualitative
research. An important challenge of transparency in QCA re-
search is figuring out how scholars can be explicit about the
multi-stage process that led to their results without providing
a diary-like account. This also ensures replicability of the re-
sults.
Transparency in the Truth Table Analysis
At the heart of any QCA is the analysis of a truth table. Such a
truth table consists of all the 2n logically possible combina-
tions (rows) of the n conditions. For each row, researchers test
whether the empirical evidence supports the claim that the row
is a subset of the outcome. Those rows that pass the test can
be considered sufficient for the outcome. The result of this
procedure is a truth table in which each row has one outcome
value assigned to it: it is either sufficient for the outcome (1) or
not (0), or belongs to a logical remainder.14 Assignment to the
logical remainder means that the particular combination of con-
ditions only exists in theory, but that there is no empirically
existing case that exhibits the particular combination that de-
fines this row of the table. This truth table is then subjected to
10 Regarding interviews as the source of a raw data matrix, see
Basurto and Speer 2012.
11 Ragin 1987 and 2000.
12 Schmitter 2008, 264, 280.
13 Bryman 2012, 402.
14 Ragin 2008, 124ff; Schneider and Wagemann 2012, 178ff.
different ways than the phenomenon itself).5 The systematic
nature of QCA has resulted in a series of applications from
different disciplines.6
It is easier to think about transparency issues in QCA
when we understand QCA both as a systematic variant of
comparative case study methods7 and as a truth table analysis
(which is at the core of the standard QCA algorithm). While
regarding QCA as a research approach links the transparency
discussion to comparative case-study methods in general, look-
ing at QCA from a technical point of view leads to a discussion
of transparency desiderata at specific phases of the analysis.
After discussing the transparency criteria that derive from these
two perspectives, we will briefly discuss more recent develop-
ments in QCA methods and link them to the transparency de-
bate.
Transparency for QCA as an Approach
Every QCA should respect a set of general transparency rules,
such as making available the raw data matrix, the truth table
that is derived from that matrix, the solution formula, and cen-
tral parameters, such as consistency and coverage measures.
If this requires more space than is permitted in a standard
article format, then there are numerous ways to render this
fundamental information available, either upon request or (bet-
ter) in online appendices.
Going beyond these obvious requirements for reporting
the data and the findings from the analysis, QCA, being a
comparative case-oriented method, also has to consider the
central elements of any comparative case study method when
it comes to transparency issues. For instance, case selection is
an important step in comparative research. As with compara-
tive methods in general, in QCA there should always be an
explicit and detailed justification for the (non-)selection of
cases. QCA is usually about middle-range theories, and it is
therefore of central importance to explicitly define the refer-
ence population.8 More often than not, the cases used in a
QCA are the entire target population, but this needs to be
stated explicitly.
The calibration of sets is crucial for any set-analytic
method and needs to be performed in a transparent manner.
For each concept involved in the analysis (conditions and
outcome), researchers must determine and transparently jus-
tify each case’s membership in these sets. This requires both a
clear conceptual understanding of the meaning of each set
and of the relevant empirical information on each case.9 All
subsequent statements and conclusions about the case and
the concept depend on the calibration decisions taken, so trans-
parency regarding calibration decisions is particularly crucial.
The need for transparency with regard to calibration also
renders the publication of the raw data matrix from which the
5 Schneider and Wagemann 2012, 78ff.
6 Rihoux et al. 2013.
7 Regarding QCA as an approach, see Berg-Schlosser et al. 2009.
8 Ragin 2000, 43ff.
9 On calibration, see Ragin 2008, 71ff; Schneider and Wagemann
2012, 32ff.
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logical minimization, usually with the help of appropriate soft-
ware capable of performing the Quine-McClusky algorithm of
logical minimization.
Both the construction of the truth table and its logical
minimization require several decisions: most importantly, how
consistent the empirical evidence must be for a row to be con-
sidered sufficient for the outcome and how logical  remainders
are treated. Transparency requires that researchers explicitly
state what decisions they have taken on these issues and why
they have taken them.
The Treatment of Logical Remainders
More specifically, with regard to the treatment of logical re-
mainders, it is important to note that virtually all social science
research, whether based on observational or experimental data,
confronts the problem of limited diversity. In QCA, this omni-
present phenomenon manifests itself in the form of logical
remainder rows and is thus clearly visible to researchers and
readers. This, in itself, is already an important, built-in trans-
parency feature of QCA, which sets it apart from many, if not
most, other data analysis techniques.
When confronted with limited diversity, researchers have
to make decisions about how to treat the so-called logical re-
mainders because these decisions shape the solution formu-
las obtained, often labeled as conservative (no assumptions
on remainders), most parsimonious (all simplifying assump-
tions), and intermediate solution (only easy counterfactuals).15
Researchers need to state explicitly which simplifying assump-
tions are warranted—and why. Not providing this information
makes it difficult, if not impossible, for the reader to gauge
whether the QCA results are based on difficult,16 unwarranted,
or even untenable assumptions.17 Untenable assumptions run
counter to common sense or logically contradict each other.
Transparency also requires that researchers explicitly report
which arguments (sometimes called directional expectations)
stand behind the assumptions made. We find it important to
note that lack of transparency in the use of logical remainders
not only runs counter to transparency standards, but also
leaves under-used one of QCA’s main comparative advantages:
the opportunity to make specific decisions about assumptions
that have to be made whenever the data at hand are limited in
their diversity.
Handling Inconsistent Set Relations
With regard to deciding whether a row is to be considered
consistent with a statement of sufficiency, it has now become
a widespread transparency practice to report each row’s raw
consistency threshold and to report where the cut-off is placed
that divides sufficient from not-sufficient rows. Yet, the tech-
nical ease with which this parameter is obtained carries the risk
15 For details, see Ragin 2008, 147ff; Schneider and Wagemann
2012, 167ff.
16 Ragin 2008, 147ff.
17 Schneider and Wagemann 2012, 198.
that researchers may unintentionally hide from the reader fur-
ther important information that should guide the decision about
whether a row ought to be considered sufficient or not: which
of the cases that contradict the statement of sufficiency in a
given row, are, in fact, true logically contradictory cases.18 In
fuzzy-set QCA, two truth table rows with the same raw consis-
tency scores can differ in the sense that one contains one or
more true contradictory cases whereas the other does not.
True contradictory cases hold scores in the condition and
outcome sets that not only contradict subset relation state-
ments by degree but also by kind. That is, such cases are much
stronger evidence against a meaningful subset relation. Hid-
ing such important information behind a (low) consistency
score not only contradicts the case-oriented nature of QCA,
but is also not in line with transparency criteria.
Presenting The Solution Formula
When reporting the solution formula, researchers must report
the so-called parameters of fit, consistency and coverage, in
order to express how well the solution fits the data and how
much of the outcome is explained by it. To this, we add that the
transparency and interpretation of QCA results is greatly en-
hanced if researchers link the formal-logical solution back to
cases. This is best done by reporting—for each sufficient term
and the overall solution formula—which of the cases are typi-
cal and which of them deviate by either contradicting the state-
ment of sufficiency (deviant cases consistency) or by remain-
ing unexplained (deviant cases coverage).19
With regard to this latter point, Thomann’s recent article
provides a good example. Explaining customization of EU poli-
cies, she finds four sufficient terms, i.e., combinations of con-
ditions that are sufficient for the outcome of interest. As can
be seen in Figure 1, each term explains a different set of cases;
some cases are covered, or explained, by more than one term;
and some cases contradict the statement of sufficiency, indi-
cated in bold font. Based on this information, it is much easier
for the reader to check the plausibility and substantive inter-
pretation of the solution. Transparency would be further in-
creased by indicating the uniquely covered typical cases, the
deviant cases coverage, and the individually irrelevant cases.20
New Developments
QCA is rapidly developing.21 This is why standards of good
practice need to be updated. While the principal commitment
to transparency remains unaltered, the precise content of this
general rule needs to be specified as new issues are brought
onto the agenda, both by proponents and critics of QCA.
18 Schneider and Wagemann 2012, 127. Schneider and Rohlfing
(2013) use the terminology of deviant cases consistency in kind vs. in
degree.
19 See Schneider and Rohlfing 2013.
20 See Schneider and Rohlfing (2013) for details.
21 For a recent overview, see Marx et al. 2014.
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Performing Robustness Tests
In QCA, truth table analysis raises particularly important is-
sues of robustness. Scholars need to demonstrate that equally
plausible analytic decisions would not lead to substantively
different results. Reporting the findings of meaningful robust-
ness tests is therefore a critical aspect of transparency.
The issue of the robustness of QCA results has been on
the agenda for quite a while23 and is currently receiving in-
creased attention.24 In order to be meaningful, any robustness
tests themselves need to be transparent and “[…] need to stay
true to the fundamental principles and nature of set-theoretic
methods and thus cannot be a mere copy of robustness tests
known to standard quantitative techniques.”25 Elsewhere, we
have proposed two specific dimensions on which robustness
can be assessed for QCA, namely the question of (1.) whether
“different choices lead to differences in the parameters of fit
that are large enough to warrant a meaningfully different inter-
pretation”26 and (2.) whether results based on different ana-
lytical choices are still in a subset relation. Transparency, in
our view, requires that users test whether plausible changes in
the calibration (e.g., different qualitative anchors or functional
forms), in the raw consistency levels, and in the case selection
(adding or dropping cases) produce substantively different
results.27 Any publication should contain at least a footnote,or
even better, an (online) appendix explicating the effects, if any,
of different analytic choices on the results obtained. Such prac-
tice is becoming more and more common.28
Figure 1: Solution Formula with Types of Cases22
Table 1: Sufficient conditions for extensive customization
Solution           RESP*SAL*coerc     + RESP*SAL*RES       + sal*VPL*COERC      + RESP*VPO*COERC       CUSTOM
Single case           AU:a4                           AU:d2, 6,7          FR:d6,7,9,12,13,a1,3, AU:d1,2,4,6,7
coverage           UK:d2,6,7,10,12          FR:d1,2,10,a4,5              d4,8 10,12,13
          13, a4                               GE:d2,4,7,10,a4             GE:d6,12,13,a1 GE:d1,2,4,6,7,10,
                 UK:d2,6,12 12,13,a4,5
Consistency           0.887                 0.880          0.826 0.903
Raw coverage        0.207                0.344                                 0.236 0.379
Unique coverage  0.033                0.048          0.099 0.076
Solution consistency: 0.805, solution coverage: 0.757
Notes: Bold: contradictory case.
AU = Austria, FR = France, GE = Germany, UK = United Kingdom.
Raw consistency threshold: 0.764. Next highest consistency score: 0.669
1 path omitted due to low empirical relevance (see online appendix B, Table B3).
22 Source: Thomann 2015, 12.  Reproduced with permission of the
author.
23 Seawright 2005; Skaaning 2011.
24 E.g., Krogslund et al. 2014.
25 Schneider and Wagemann 2012, 285.
26 Schneider and Wagemann 2012, 286.
27 Schneider and Wagemann 2012, 287ff.
28 See, for example, Schneider and Makszin 2014 and their online
Revealing Model Ambiguity
It has been known for quite a while in the QCA literature that
for one and the same truth table, there can be more than one
logically equivalent solution formula. Thiem has recently shown
that this phenomenon might be more widespread in applied
QCA than thought.29 Most likely, one reason for the underes-
timation of the extent of the problem is the fact that researchers
often do not report model ambiguity. Transparency dictates,
though, that researchers report all different logically equiva-
lent solution formulas, especially in light of the fact that there
is not (yet) any principled argument based on which one of
these solutions should be preferred for substantive interpreta-
tion.
Analyzing Necessary Conditions
For a long time, the analysis of necessity has been treated as a
dispensable addendum to the analysis of sufficiency, most
likely because the latter is the essence of the truth table analy-
sis, while the former can be easily performed on the basis of
isolated conditions and their complements. A recently increased
focus on the intricacies of analyzing necessary conditions has
triggered two desiderata for transparency. First, when assess-
ing the empirical relevance of a necessary condition, research-
ers should not only check whether the necessary condition is
bigger than the outcome set (i.e. is it consistent) and how
much so (i.e. is it trivial). In addition, researchers need to report
how much bigger the necessary condition is vis-à-vis its own
negation, i.e., how frequently it occurs in the data. Conditions
that are found in (almost) all cases are normally trivially neces-
sary. We propose the Relevance of Necessity (RoN) parameter
as a straightforward approach to detecting both sources of
appendix at http://dx.doi.org/10.7910/DVN/24456 or Ide, who sum-
marizes his robustness tests in Table 2 (2015, 67).)
29 Thiem 2014.
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first, http://dx.doi.org/10.1080/13501763.2015.1008554.
trivialness of a necessary condition.30 Transparency requires
that one report this parameter for any condition that is postu-
lated as being a necessary condition. Second, if researchers
decide to stipulate two or more single conditions as function-
ally equivalent, with each of them alone not being necessary
but only in their logical union, then all other logical unions of
conditions that pass the consistency and RoN test must also
be reported. This parallels the above-mentioned need to report
model ambiguity during the analysis of sufficiency.
Conclusions
In this brief essay, we have discussed and updated our earlier
list of requirements for high-quality QCA with regard to both
QCA as a specific technique and QCA as a general research
approach. We have then added some reflections on other trans-
parency requirements that follow from recent methodological
developments.
Current software developments facilitate many of the
transparency requirements. Of most promise here are the R
packages specific to QCA and set-theoretic methods more gen-
erally.31 Compared to point-and-click software, script-based
software environments facilitate transparency and replicability.
Specific robustness test routines can be implemented in the
relevant packages; simplifying assumptions can be displayed
with a simple command; various forms of graphical representa-
tions of solutions can easily produced, etc.
Standards for transparency in QCA research, just as other
technical standards, are useful, but only if, or as long as, they
do not ossify and turn into unreflected rituals. Researchers
cannot be left off the hook when it comes to making decisions
on unavoidable trade-offs. Transparency might conflict with
other important goals, such as the need to protect information
sources, readability, and space constraints. None of this is
unique to QCA, though. Even if a full implementation of all
best practices is often not feasible, we still deem it important
that such standards exist.
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